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Abstract.— Enigmatic species decline is arguably the most alarming aspect of the global amphibian population collapse.  The Cricket Frogs (genus Acris) are common species that are exhibiting enigmatic declines at their northern range limits, a well-documented progression that has remained unexplained for decades.  Though many researchers have offered hypotheses, the true causes of decline are difficult to isolate due to noise from a variety of external factors that may or may not be contributing.  In Virginia and North Carolina, the population dynamics of A. gryllus (Southern Cricket Frog) have been obscured by its syntopy and sympatry with its sibling species, A. crepitans (Northern Cricket Frog).  However, recent surveys using acoustic technology and analysis of historic data have uncovered the disappearance of A. gryllus from a large portion of northern North Carolina.  This area is adjacent to the northern limit of the range of A. gryllus in Virginia, where a 2010 survey of Acris species revealed southward recession of the range of A. gryllus in the presence of thriving A. crepitans populations.  Because the two species prefer similar habitat, the disappearance of A. gryllus is enigmatic.  Using the unique syntopic and sympatric dynamic between these species in conjunction with distribution modeling techniques in a Geographic Information System (GIS), I identified factors affecting habitat use of A. gryllus and A. crepitans in their overlapping ranges.   Specifically, I developed a species distribution model (SDM) that predicts the difference in habitat use between the two species, then used multinomial logistic regressions to relate three levels of abundance for each species to environmental variables and potential anthropogenic stressors.  I found that A. gryllus prefers pine forests, lowland forested swamps, and is less tolerant of anthropogenic stressors than A. crepitans, which tolerates drier and less pristine habitats.  The results from this paper can be used to develop hypothesis regarding the range contraction of A. gryllus and can be implemented into a framework of adaptive management to curb the disappearance of A. gryllus until further data become available that allow fine-tuning of management actions.   
INTRODUCTION Amphibians worldwide are undergoing a tremendous population collapse.  Of the approximately 6300 described species of amphibians, nearly 4000 are in decline, one third are endangered, and many more lack adequate data for assessment (IUCN 
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red list 2011).  Most worrisome are the reports of enigmatic decline: amphibians disappearing without apparent cause from otherwise suitable habitat (Stuart 2004). While declines are most commonly documented in charismatic amphibian species, the enigmatic decline of common species poses a greater threat to biodiversity because of their tendency to have more integral roles in ecosystem structure and function (Gaston & Fuller 2008, Gaston 2010).  Blanchard’s Cricket Frog (Acris blanchardi), for example, is a common U.S. species that has been documented declining at the northern edge of its range in the Midwest for decades (Lannoo 1994; Christoffel and Hay 1997).  Its eastern cousin, the Northern Cricket Frog (A. crepitans) has experienced similar declines at the northern edge of its range in New York (Dickinson 1993, Gibbs et al 2007, Gray & Brown 2005, ).  A. crepitans shares a broad portion of its range with a sibling species, the Southern Cricket Frog (A. gryllus) from southeastern Virginia to Georgia.  This sympatry is augmented by syntopy, the occurrence of both species in not only the same range, but side by side or even mingled in the same wetlands.  The similarity between the two species made them difficult to study separately until advances in recording technology allowed the distinction of their mating calls in the field (Blair 1958; Nevo and Capranica 1985, Micancin and Mette 2008). In 2009, Micancin and Mette (2008) recorded a drastic decline of A. gryllus just south of its northern range limit in Virginia.   The following summer, I established that populations of cricket frogs were still present, but recessed from their historical range on the Virginia Peninsula (unpublished data).  Both study areas had thriving populations of A. crepitans (Micancin 2009; Beane 2010), 
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indicating that subtle environmental factors causing the decline of A. gryllus were not affecting, or even benefitting, A. crepitans.  The overlapping of their ranges and the relatedness of the two species allowed me to isolate the variables affecting the success of each species individually from those that were affecting neither.  An understanding of which environmental factors and human stressors influence the distribution of these species is an important contribution to their conservation (Anderson and Martinez-Meyer 2004, Elith et al 2006). My thesis has two objectives.  First I used allotopic sites (sites with only one species) to create a species distribution model (SDM) isolating the environmental factors and human stressors predicting relative probability of habitat use of each species within the study area.  Second, I used relative abundance data for each species to predict the environmental factors and human stressors driving distribution patterns within a range of suitable habitats. Species distribution models are a class of geospatial analysis that has developed rapidly with growing computational capabilities (Franklin 2009).  They are commonly used to predict the range of a species from occurrence or presence-absence data (Pineda and Lobo 2009, Werner et al 2009) but have also been used for a variety of predictions including environmental drivers of speciation, landscape configuration characteristics driving species persistence, and invasive potential.  There are a plethora of methods for creating SDMs, and regression models are a mainstream method that has been successful in predicting habitat associations (Elith 2006). 
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Given the potential difference in habitat use between the species I predict that A. gryllus will show positive associations with coniferous-dominated woodlands, especially in coastal areas, and that dispersal of both species will be strongly influenced by human disturbance and land use practices.  
 
METHODS 
Study area.  I defined the study area to encompass the overlapping ranges of A. crepitans and A. 
gryllus in Virginia and North Carolina where survey data was available from my own surveys or previous studies.   The study area covers the Virginia Peninsula and down through North Carolina from the coastal plain into the Appalachian foothills (Figure 1).    
Field Data collection. From 15 May to 15 July 2010, Dr. Micancin and I identified the composition of Acris choruses at wetlands in the Coastal Plain of southeastern Virginia and northeastern North Carolina. Wetlands ranged in size from puddles or ditches to beaver ponds, millponds, and small reservoirs.  When wetlands were located on private or otherwise restricted property, we collected data from the nearest public road or obtained permission to access the area.  We began surveying after 2100 h each night and ended at approximately 0130 h when calling activity waned.   I geo-referenced each site using a GPS unit (Garmin eTrex Vista Cx). At each site, I determined whether the chorus contained A. crepitans, A. gryllus, or both 
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species by ear while making a three to five minute audio recording (Marantz PMD-661 digital recorder, Audio-Technica AT-897 directional microphone, uncompressed .wav files with a sampling rate of 22.05 kHz). Although the vocalizations of A. crepitans and A. gryllus are similar (in southeastern states in the North American Amphibian Monitoring Program or NAAMP, “unknown Acris” is an acceptable observation), consistent differences in the temporal patterns of pulses can be visualized in sound analysis software (WildSpectra 2010) and are sufficient for differentiation of the two species (Micancin 2008, Micancin 2009).   To the human ear, A. crepitans has long and highly variable clicks and rattles in which pulses are distinguishable while A. gryllus has short and invariable clicks which are rapid enough to be indistinguishable. Therefore, the sympatric species are identifiable in the field, both in allotopy and syntopy, using standard acoustic survey techniques. I plotted population data of Acris from our survey and 2004-2011 survey and data from North Carolina collected by Micancin and Mette  (2009) (Figure 1).  Each point was classified as A. crepitans, A. gryllus, or syntopic.  Because the data were collected from public roads, there was a bias toward plotting frog populations on a road.  In order to mitigate this bias, I consulted the field notes to establish a more exact location in the appropriate wetland in ArcMap 10.0 (ESRI 2010) and moved the sampling point to the precise location of the chorus if it was more than 50 meters distant from the location plotted on the road.    
Spatial data collection 
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I used the 30-m resolution Southeast Gap (SEGap) land cover data (http://www.basic.ncsu.edu/segap/) to delineate ecological systems. I clipped the land cover data to my study area and reclassified the land cover data into 18 land cover types representing all distinct land cover types (Reclass_1) and seven land cover types differentiating habitat types from all other land uses (Reclass_2, Table 1).  I grouped forest ecological systems based on moisture level and hardwood vs. coniferous composition, as these factors were most likely to affect Acris habitat use.  For forest canopy cover, I used the 30-m resolution canopy cover data from the U.S. Geological  Survey  Seamless Data Warehouse  (http://seamless.usgs.gov/nlcd.php). I evaluated proportion of land cover at circular extents of 250, 500, 1000, and 2000-m radius around each point in ArcMap 10.0 (ESRI 2010). The 250-m extent was based on the average Acris home range, the 500-m on Acris short dispersal distance (Micancin pers. comm.), whereas the 1-km and 2-km extents overlap with many pond-breeding anuran short and long-distance dispersal events (Smith and Green 2005). For human stressors, I reclassified the SEGap land cover DEVELOPED OPEN SPACE, and  LOW, MEDIUM, and HIGH INTENSITY DEVELOPED land cover into low intensity developed (OPEN SPACE and LOW-INTENSITY DEVELOPED), medium, and high intensity developed land cover (Table 1).  I downloaded road spatial data sets from the U.S Census Bureau (http://www.census.gov/geo/www/tiger/).  I used the line-density feature in ArcMap 10.0 (ESRI 2010) to calculate road densities (km/km2) at the 250, 500, 1000, and 2000-m extent.  I also evaluated road density 
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at 5000 m because previous work has shown that historical range contraction for A. 
gryllus was significant at this scale (Tóth unpl. data).  I also developed landscape metrics for land cover data to determine the effect of landscape configuration.  I estimated edge density, mean patch area, and the Shannon Diversity Index (SDI) for land cover types using Reclass_2 (Table 1) to avoid overestimation of fragmentation due to an abundance of land cover classifications.  In ArcMap 10.0 (ESRI 2010), I first estimated mean edge density for each land cover by calculating first the number of edges immediately around each cell (3x3 focal sum moving window analyses on a binary layer), then inverted the number of edge values for each cell , and performed a focal-mean analysis at each of four extents.  Mean patch area was calculated by converting each binary land cover layer into polygons, which assigned an identification number to each patch, then converting the patch polygon layer back to a raster dataset assigning patch identification number to each cell.  This allowed me to calculate the number of patches in each of four extents using the focal variety method in ArcMap 10.0 (ESRI 2010).  I then calculated a focal sum of the binary land cover to derive total patch area, and divided the total patch area by the number of patches for mean patch area for each extent.   For abiotic variables, I downloaded minimum temperature data from Prism Climate Group (http://www.prism.oregonstate.edu) and averaged minimum temperatures for winter months November 2000 through February 2011. I resampled the grid from a 4-km to a 30-m resolution using the nearest neighbor algorithm to avoid distorting the original temperature distribution. This step was 
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necessary to ensure same resolution across spatial data sets.  Finally, I calculated a terrain ruggedness index (TRI, Riley et al. 1999) from e a 30-m Digital Elevation Model (downloaded from http://seamless.usgs.gov/nlcd.php).  The TRI identifies areas with rough terrain based on variation in elevation within a 90-m window. After compiling the full set of independent variables, I eliminated those variables that had ≤ 20 non-zero values to avoid perfect fit of logistic models.    
Statistical Analyses I used a hierarchical modeling approach to identify factors influencing habitat use of 
A. gryllus and A. crepitans.  Model selection was based on an information-theoretic approach using the Aikaike Information Criteria (AIC), which penalizes models with larger numbers of independent variables and therefore circumvents model overfitting (Burnham and Anderson 1998).  The model with the lowest AIC value is considered the best representation of the factors influencing species distribution.   Though the true variables causing a certain distribution may not be modeled, the modeled variables serve as a proxy for the true ones if they correlate strongly, i.e. development and pollution, road density and disturbance, edge density and fragmentation. I used the receiver operating characteristic (ROC) to evaluate internal model performance.  Models with ROC values > 0.7 are considered good predictive models (Metz 1978).   
Logistic Regression Model — A simple logistic regression compares two categorical variables, usually presence vs. absence, based on linear correlation to a collection of independent variables.  I departed from the conventional presence-absence model 
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and isolated the differential habitat preferences of A. crepitans and A. gryllus by comparing presence of A. crepitans (1) versus presence of A. gryllus (0), and excluding syntopic sites.  This created a model that calculates the relative probability of finding each species at every grid square on the map based on their presence data.  To determine the best scale for each variable, I ran single-variable logistic regression models in R 2.13.2 (R-core Team 2011) and chose the scale with the lowest AIC value for each variable. To avoid  model instability due to multicollinearity, I checked the retained variables for autocorrelations using the Spearman-Rank test in R 2.13.2 (R-core Team 2011) for all possible pairings of variables where a value of │0.7│ or greater was considered significant (Leu et al. 2011).  When two or more variables correlated, I discarded those variables that were linked to the greatest number of others to achieve the highest possible retention rate.  If two correlating variables had equal impact on retention rate, I discarded the variable with a poorer fit as determined by a lower AIC value (Anderson 2008).  In cases where two correlated variables appeared equally important, I retained both but did not combine them in later models. I classified the remaining independent variables as abiotic, anthropogenic, or biotic.  To develop the spatially explicit model, I used a nested multi-step elimination procedure in which subsets of the final model were tested in various combinations within categories, and those variables or combinations with the lowest AIC values were carried forward to the final model (Leu et al. 2011, Aldrdige 2012).  In the final modeling step, I allowed all top variables to compete within and among categories in all possible combinations. I used model averaging for all models 
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whose model weights summed to 0.90 to find weights for each top model and averaged weighted ß-values across the top models with cumulative weights less than 0.9 to find the final ß-values for every final variable (Burnham & Anderson 1998).  If a model did not contain a variable, a 0 was averaged in to the final ß-value for that variable.  
Multinomial Logistic Regression Models — I used the field notes from 2004-2011 to obtain a chorus level (0-3) value, a measure of relative abundance, for each site and species.  For each species I assigned the following categorical abundance indices following the NAAMP protocol: 0 = species absent at a site, 1 = individual can be counted but there is space between vocalizations), 2 = vocalizations of individuals can be distinguished but there is some overlapping of calls, and 3 = full chorus, calls are constant, continuous and overlapping.  To simplify the model and increase the number of data points per category, I combined levels 1 and 2 for a final subdivision into three abundance categories:  none (0), low (chorus category 1 and 2), and high (chorus category 3).   I ran multinomial logistic regressions as generalized ordered logistic regressions (gologit) in STATA 10 (STATA Corporation, College Station, TX) for the incidence data of each species against independent variables.  The “gologit” command in STATA estimates separate regression coefficients for absent vs. low and high abundance combined, and absent and low abundance combined vs. high abundance.  STATA includes the “autofit” option which relaxes the parallel-slope assumption and estimates regression coefficients for each abundance category separately (Williams 2006).  I repeated the same nested procedure described for the 
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simple logistic regression to produce final averaged models for A. crepitans  and A. 
gryllus  separately.  I limited the number of variables in the final models to 10% of the number of observations (Hosmer and Lemeshow, 2000).  
Spatial Application — I spatially applied all models in ArcMap 10.0 using the logistic regression equation: 1/1+e-z in raster calculator where z is the regression equation with model-averaged intercepts and slopes.   
 
RESULTS 
Logistic Regression I collected data on a total of 160 A. crepitans sites, 47 A. gryllus sites, and 55 syntopic sites.  In the simple logistic regression, I tested 142 independent variables and retained 27 after checking for best scale, multicollinearity and eliminating variables consisting of mainly zero value (i.e., < 20 non-zero values).  The top model had 10 variables and an AIC value of 115.43 (null model AIC = 203.62).  The final model was averaged from the top 5 models and contained 14 variables (Table 2, figure 2):   Probability of occupancy =  
1/(1 + EXP(-(0.3362 + (0.5876 * AreamnDryF_2k) + (-0.1702 * MinTemp) + (-
0.0009 * AreamnPine_500) + (-0.2634 * EdgeDensWetF_2k) + (-53.8405 * 
Marsh_2k) + (-0.7313 * PineSav_1k) + (-1.0401 * PineF_1k) + (-0.0012 * 
DevLow_2k) + (19.7338* HerbSucc_500) + (-6.0857 * Haline_500) + (-0.1876 * 
rddens_5k) + (70.9806 * DevMed_2k) + (1.3411 * Pasture_250) + (-0.0352 * 
RowCrop_500))) This model had good predictive power with an ROC of 0.78. 
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Positive weights indicate that the variable favors A. crepitans and negative weights favor A. gryllus.  The model indicates that A. crepitans is more likely to occur in upland habitat, dry or dry-mesic coastal plain forest, developed areas, fields, and agricultural areas than A. gryllus.  Wet swampland or forest, any pine-dominant forest, wet edge habitat, and coastal marshes are more likely to support A. gryllus, which seems to need larger stretches of suitable habitat to thrive.  Though A. 
crepitans can do well in some areas where A. gryllus is more likely to occur, it does not range in coastal marshes or near any type of oligohaline habitat. The model also reveals that A. gryllus, while avoiding development and agriculture more than A. 
crepitans, seems less affected by road density.  Higher average minimum temperatures favor the survival of A. gryllus, suggesting that A. crepitans may have a higher survival rate than A. gryllus in years with cold winters.  According to the model, A. crepitans is more tolerant of disturbance than A. gryllus and is able to survive in new areas even as ideal habitat is lost, reduced, and fragmented.  On the other hand, A. gryllus is negatively affected if its preferred habitats are just fragmented or reduced, and seems less adaptable to new environments.   
Binomial Logistic Regressions The gologit models considered the same set of 142 variables as the logit model.  The 
A. crepitans model retained 26 variables after autocorrelation and scale optimization eliminations.  The final models combined eight top variables and comprised all possible combinations of up to four variables.  The top model contained four variables and had an AIC of 432.15 (null model AIC = 507.61).  The 
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final model was an average of the top six models and contained six variables (Table 3, Figure 3): 
A. crepitans probability low = 1/(1 + EXP(-(0.02793 + (-
0.0912 * MinTemp) + (2.1840 * DevLow_500) + (-
20.3910 * WoodSwamp_2k) + (-0.5548 * PineSav_500) 
+ (0.7974 * HerbSucc_250) + (1.0048 * DevHigh_2k))) and 
A. crepitans probability high = 1/(1 + EXP(-(0.01611 + (-
0.0436 * MinTemp) + (-1.0297 * DevLow_500) + (-
20.3910 * WoodSwamp_2k) + (-0.5548 * PineSav_500) 
+ (0.7974 * HerbSucc_250) + (1.0048 * DevHigh_2k))) The model predicting presence of A. crepitans (level 0 vs. levels 1 and 2) had excellent predictive power (ROC = 0.86) whereas the model predicting abundance (levels 0 and 1 vs. level 2) had low predictive power (ROC = 0.55).  These models reveal that within the range of suitable habitats for Acris, A. 
creptians uses those areas that are less moist, more developed, and do not necessarily have heavy forest cover.  They rarely use wet forest and nonriverine swamps, in addition to avoiding most pine-dominated areas.  They gravitate toward mesic or successional/herbaceous habitat and are able to thrive even in developed areas such as neighborhood ponds.  Their inverse relationship with average minimum winter temperatures suggests that they tolerate a wide range of winter temperatures.  
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 The A. gryllus model retained 24 variables after autocorrelation and scale optimization eliminations.  The final models combined ten top variables and were comprised of all possible combinations of up to four variables.  The top model contained four variables and had an AIC of 363.37 (null model AIC = 457.94).  The final model was an average of the top three models and contained five variables (Table 4, figure 4).  
A. gryllus probability low = 1/(1 + EXP(-(-0.2094 + (0.0644 
* AreamnPine_2k) + (-0.1607 * AreamnDryF_2k) + (-
5.4405 * DevLow_500) + (-11.1515 * DevMed_2k) + 
(0.0409 * MinTemp))) and 
A. gryllus probability high = 1/(1 + EXP(-(-0.7630 + 
(0.0644 * AreamnPine_2k) + (-0.1607 * 
AreamnDryF_2k) + (-5.4405 * DevLow_500) + (-11.1515 
* DevMed_2k) + (0.0409 * MinTemp)))  Both models predicting general A. gryllus habitat use (ROC = 0.81) or high habitat use had excellent predictive power (ROC = 0.82). These models reveal that A. gryllus strongly avoids dry/mesic forests and developed areas, preferring moist and pine-dominated habitat.  The presence of mean patch area of dry forest in the model suggests that A. gryllus thrives in forested areas where large wet patches are more dominant than dry forest patches.  Low winter temperatures have a negative impact on A. gryllus.  
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Spatial Application In the area of decline in North Carolina, from the spatial application of these models it is clear that available A. gryllus habitat has become extremely fragmented, and mean patch size is very small.  The output models clearly indicate that the majority of the Peninsula has completely lost habitat capable of supporting A. gryllus, consistent with my survey data.  
DISCUSSION The logistic regression model gives clear indications of which variables most directly affect the difference in the distribution of A. gryllus and A. crepitans.  More importantly, it suggests potential causes for the decline of the species in central North Carolina, where intensive agriculture and sprawling low-intensity development precludes more A. gryllus-friendly land uses, such as coniferous forest plantations.  The central section of the study area, where the largest decline in A. 
gryllus was observed, has only extremely small patches of habitat likely to support that species (Figure 3).  This does not adversely affect the more versatile and disturbance-tolerant A. crepitans, which continues to thrive in heavily farmed areas as well as forests.  Though the driving factors on the Virginia Peninsula are not as straightforward, the output map clearly indicates a lack of A. gryllus habitat, outside a few very small patches of syntopic habitat. The multinomial models employ chorus levels as a proxy for abundance levels of the two species, and its output can be used to examine the difference between presence/absence and low/high abundance.  The A. crepitans model shows 
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several land cover types that the species does not use, namely pine savanna and lowland wooded swamps, which are usually abundant with A. gryllus.  It also shows that though A. crepitans generally needs a nearby pond or other wetland to survive, it thrives in successional/herbaceous land cover, and does not necessarily require unfragmented forest or undisturbed land cover on a large scale.  The positive relationship between A. crepitans and highly developed areas is unexpected but may be attributed to A. crepitans having an edge over competitors in or near developed areas, even if this is not its optimal habitat.  It is also possible that developed areas provide many small patches of habitat, such as wet retention ponds, ditches, and neighborhood ponds.   Similarly, negative associations to lowland wooded swampy areas may be a result of reduced competitive success in ideal habitat.  This hypothesis is especially applicable in areas where development is spreading rapidly and ideal habitat is being lost.   The model does not identify preferred habitat, only habitat use based on occurrence. Finally, the negative temperature association implies greater relative success in cooler temperatures.  This model did not test the impact of average high summer temperatures, but it’s possible that the range of temperatures has more bearing on the relative occurrence of Acris than minimum temperature.  The A. gryllus model highlights the importance of mean patch area for A. 
gryllus; it cannot survive in areas where suitable habitat is highly fragmented.  Its other most important selection pressure is the avoidance of all developed areas.  Finally, A. gryllus does not survive well in areas with lower average minimum winter temperatures.    
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A compilation of the survey sites shows a distinct east-to-west gradient that starts with exclusively A. gryllus composition on the coast and fades slowly into exclusively A. crepitans in the west.  Average minimum winter temperatures correlate with this longitudinal gradient and serve as the best proxy to describe the phenomenon; however, my model does not show causality.   All I can show is that temperature is the closest variable from those I tested (elevation, terrain ruggedness) to the observed field data.  It is possible that one or more correlating factors that I did not test are the driving factors.  Though temperature may only be a placeholder, the true variable is likely to correlate strongly with temperature, making temperature a good estimator in models of Acris occurrence.  A similar argument may be made for other variables in the model (i.e. development correlates to pollution and fragmentation, percent cover correlates with patch area, etc).  In most cases however, correlated variables are closely linked and are, to some extent, interchangeable.    The logistic model was an unconventional use of SDM modeling (Franklin 2009).  Instead of using presence and absence of a single species, it uses the presence of one species against the presence of another to isolate differences in their habitat preferences.  This strategy is useful for this specific situation, as the factors affecting the individual species would otherwise be difficult to separate.  However, this model does not predict the general suitability of any habitat, and cannot be used to identify study sites for the field. For example, because A. 
crepitans is more tolerant of less suitable habitats, such as developed areas and agriculture, these sites are identified as preferable habitat for that species, simply 
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because they are more likely to survive there relative to A. gryllus. The model marks the entire upland area within the study area as A. crepitans habitat because A. gryllus almost never occurs there, not because A. crepitans has any definitive affinity for upland habitat. Another consideration is that the suitability of a habitat for one species over another does not preclude the occurrence of the other species in the same habitat.  This is especially true for A. gryllus, which seems to be limited to less fragmented habitats.  If the two species compete directly when they occur in syntopy, A. crepitans may hasten the decline of A. gryllus by outcompeting it in its optimal habitat.   On the other hand, the logistic regression model is useful because it elucidates specific factors that improve the success rate of the declining A. gryllus without the interference caused by the thriving A. crepitans in the same area.  The results of this study may be extremely useful for developing management plans that will allow for a balance between the two species and a wider availability of universally desirable habitat. The multinomial models use what ought to be suitable habitat for both species as an absence marker for those species that were not found at a site.  Sites with no recorded specimens for both species were not included in this study as we did not estimate detection probabilities.  The result is a generalized ordered logistic model that isolates the best habitat within a range of theoretically suitable habitats, but not the best habitat in the range of all possible land cover combinations.  In essence, we are “zooming in” on the area of interest to filter out the noise that is 
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assumed not to cause the decline, because if it was a cause, both species would be affected.   Species distribution models have been used to model interactions and gene flow between closely related species (Cicero 2004, Graham et al 2004), but to my knowledge no SDM has combined two species into one model except in the form of overlapping individual results (Pineda & Lobo 2009).  The decline of A. gryllus in sytnopy and sympatry with a sibling species presents an unusual opportunity to study enigmatic amphibian decline. This modeling approach is an appropriate application to the situation, because the interplay of the two species is implicit in the output.  Modeling approaches that are flexible in accounting for environmental interactions are invariably more successful than others (Elith 2006), so the ability to integrate species interactions as well as landscape and human factors into distribution models has potential for improving model accuracy.  Pending further scrutiny and testing, this approach may provide a useful tool for understanding local declines in the presence of sibling species.  For the continuation of this research, the prediction capability of the models needs to be tested with independent presence-absence data that was not used in the creation of the model (Elith 2006).     Few studies consider a complex combination of primary and secondary effects when dealing with declines, preferring instead to focus on the effects of a single factor that risk missing the larger picture (Blaustein et al, 2011).  However, SDMs such as the one in this study are a first step to combining many factors in predictive models that strive to emulate the full range of interactions of a species 
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with its environment and avoid fixation on small, incomplete sections of what is a complex web of interactions.    
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Table 1. Reclassification of land cover types from the Southeast Gap (http://www.basic.ncsu.edu/segap/). Total area across the study (cell resolution = 0.09ha) is provide for each land cover type.  Original value Reclass 1 value Reclass 2 value Ecological system Cell count 1 1 1 Open water 1405391 2 18 1 Open water (brackish/salt) 3683549 4 2 0 Developed Open Space 4451593 5 2 0 Low Intensity Developed 2085539 6 4 0 Medium Intensity Developed 629887 7 5 0 High Intensity Developed 242529 10 2 0 Atlantic Coastal Plain Sea Island Beach 112 11 2 0 Atlantic Coastal Plain Southern Beach 834 16 2 0 Bare Sand 49677 17 2 0 Bare Soil 85299 18 2 0 Quarry/Strip Mine/Gravel Pit 108041 20 2 0 Southern Appalachian Granitic Dome 168 30 2 0 Southern Piedmont Cliff 86 35 3 0 Unconsolidate Shore (Lake/River/Pond) 12666 39 6 2 Atl. Coastal Pl. Dry/Dry-Mesic Oak Forest 5903376 40 6 2 Atl. Coastal Pl. Mesic Hardwood and Mixed Forest 2248880 56 6 3 Southern and Central Appalachian Oak Forest 45 66 7 3 Southern Piedmont Dry Oak-(Pine) Forest-Hardwood Modifier 5520448 68 7 3 Southern Piedmont Mesic Forest 649560 71 8 4 Evergreen Plantations 11535449 72 6 5 Atl. Coastal Pl. Central Maritime Forest 58803 73 6 5 Atlantic Coastal Plain Northern Maritime Forest 16700 85 8 4 Southern Appalachian Low Mountain Pine Forest 12 86 7 3 Southern Piedmont Dry Oak-(pine) Forest-Loblolly pine modifier 688068 90 9 4 Atlantic Coastal Plain Fall-Line Sandhills Longleaf Pine Woodland - Loblolly Modifier 721600 91 9 4 Atlantic Coastal Plain Fall-line Sandhills Longleaf Pine Woodland - Open Understory Modifier 681969 92 9 4 Atlantic Coastal Plain Fall-line Sandhills Longleaf Pine Woodland - Scrub/Shrub 838207 
26  
Understory 93 9 4 Atlantic Coastal Plain Upland Longleaf Pine Woodland 7127870 100 9 4 Southeastern Interior Longleaf Pine Woodland 367 104 7 3 Appalachian Hemlock-Hardwood Forest 23 105 7 3 Central Appalachian Oak and Pine Forest 108 108 7 3 Southern Piedmont Dry Oak-(Pine) Forest - Mixed Modifier 1448338 125 10 0 Successional Shrub/Scrub (Clear Cut) 1366907 127 10 0 Successional Shrub/Scrub (Other) 1758439 142 11 0 Atlantic Coastal Plain Southern Dune and Maritime Grassland 29404 145 12 0 Successional Grassland/Herbaceous 2478139 146 12 0 Successional Grassland/Herbaceous (Other) 2332727 147 12 0 Successional Grassland/Herbaceous (Utility Swath) 21782 148 13 0 Pasture/Hay 5434772 149 14 0 Row Crop 16635712 151 15 5 Atlantic Coastal Plain Blackwater Stream Floodplain Forest - Forest Modifier 2604600 152 15 5 Atlantic Coastal Plain Brownwater Stream Floodplain Forest 1166 153 15 5 Atlantic Coastal Plain Small Blackwater River Floodplain Forest 3533522 154 15 5 Atlantic Coastal Plain Small Brownwater River Floodplain Forest 1343793 164 15 6 Southern Piedmont Large Floodplain Forest - Forest Modifier 64062 165 15 6 Southern Piedmont Small Floodplain and Riparian Forest 714559 167 16 5 Atlantic Coastal Plain Nonriverine Swamp and Wet Hardwood Forest - Taxodium/Nyssa Modifier 1516335 168 16 5 Atlantic Coastal Plain Nonriverine Swamp and Wet Hardwood Forest - Oak Dominated Modifier 627258 173 16 5 Atlantic Coastal Plain Clay-Based Carolina Bay Forested Wetland 33510 174 16 5 Atlantic Coastal Plain Northern Basin Swamp and Wet Hardwood Forest 186650 175 17 0 Atlantic Coastal Plain Peatland Pocosin 3979022 176 17 0 Atlantic Coastal Plain Streamhead Seepage Swamp, Pocosin, and Baygall 98129 27  
182 16 0 Southern Piedmont/Ridge and Valley Upland Depression Swamp 99 183 9 4 Atlantic Coastal Plain Northern Wet Longleaf Pine Savanna and Flatwoods 819261 204 16 5 Atlantic Coastal Plain Northern Tidal Wooded Swamp 228 205 16 5 Atlantic Coastal Plain Southern Tidal Wooded Swamp 74023 213 18 0 Atlantic Coastal Plain Central Fresh-Oligohaline Tidal Marsh 65949 214 18 0 Atlantic Coastal Plain Embayed Region Tidal Freshwater Marsh 30012 215 18 1 Atlantic Coastal Plain Northern Fresh and Oligohaline Tidal Marsh 77796 219 3 0 Atlantic Coastal Plain Large Natural Lakeshore 4840 245 18 0 Atlantic Coastal Plain Central Salt and Brackish Tidal Marsh 158558 246 18 0 Atlantic Coastal Plain Embayed Region Tidal Salt and Brackish Marsh 128944 248 18 0 Atlantic Coastal Plain Northern Tidal Salt Marsh 163757  
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Table 2.  Final simple logistic regression model for Acris crepitans and A. gryllus. Shown are model-averaged beta values based on top five models (sum of AIC 
weights ≤ 0.9).  
Variable  
Variable and 
Scale 
Weighted ß-
value 
Spp Favored 
NA Intercept 0.33617489 Northern 
Mean Patch area of dry 
forest AreamnDryF_2kC 0.587588843 Northern 
Average minimum 
winter temperature MinTemp -0.170235813 Southern 
Mean Patch area of 
pine-dominant forests AreamnPineF_500C -0.000938861 Southern 
Edge density of coastal 
wet forest EdgeDensWetF_2kC -0.26300842 Southern 
Coastal Wooded 
swamp WoodSwamp_2k -53.8404508 Southern 
Coastal Plain Pine 
Savanna PineSav_1k -0.731332201 Southern 
Coniferous Forest PineF_1k -1.040108518 Southern 
Low-Intensity 
Development and 
developed open space 
DevLow_2k -0.001178925 Southern 
Successional 
Grassland/Herbaceous HerbSucc_500 19.73381073 Northern 
Tidal Marsh TidalMarsh_500 -6.085657678 Southern 
Road Density RdDens_5k -0.187611494 Southern 
Medium Intensity 
Development DevMed_2k 70.98057739 Northern 
Pasture/Hay Pasture_250 1.341138073 Northern 
Row Crop RowCrop_500 -0.03522125 Southern  
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Table 3. Final multinomial logistic regression model for Acris crepitans. Shown are model-averaged beta values based on top six models (sum of AIC weights ≤ 0.9).  
   Table 4. Final multinomial logistic regression model for Acris gryllus. Shown are model-averaged beta values based on top three models (sum of AIC weights ≤ 0.9).  
 
Variable Variable and Scale Prob. Low Prob. High 
NA Intercept 0.279299748 0.01611178 
Average Minimum winter 
temperature MinTemp -0.091080245 -0.043635595 
Low-Intensity Development and 
developed open space DevLow_500 2.184024302 -1.029666863 
Coastal Wooded swamp WoodSwamp_2k -20.39096025 -20.39096025 
Coastal Plain Pine Savanna PineSav_500 -0.554814067 -0.554814067 
Successional 
Grassland/Herbaceous HerbSucc_250 0.797435033 0.797435033 
High-Intensity Development DevHigh_2k 1.004811794 1.004811794 
Variable Variable and Scale Weighted ß1 Weighted ß2 
NA intercept -0.209391105 -0.763003007 
Mean patch area of pine-
dominant forest AreamnPine_2kp 0.064410525 0.064410525 
Mean patch area of dry/mesic 
forest AreamnDryF_2kp -0.160706329 -0.160706329 
Low-Intensity Development and 
developed open space DevLow_500 -5.440496201 -5.440496201 
Medium-Intensity Development DevMed_2k -11.15150077 -11.15150077 
Average minimum winter 
temperature MinTemp 0.408573115 0.408573115 
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FIGURES:  Figure 1. Sampling locations and study area delineation. 
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Figure 2.  Logistic Model illustrating relative probabilities of A. gryllus and A. 
crepitans occurrence.   
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Figure 3. Habitat use modes based on absent, low, and high abundance for Acris 
crepitans in southern Virginia and North Carolina     
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Figure 4. Habitat use model based on absent, low, and high abundance for Acris 
gryllus in southern Virginia and North Carolina  
    34  
